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With ongoing growth and continuous development of cities, the world is turning into an urban society. In this 
context, urbanization, population growth and migration towards urban areas are global trends. These processes 
are highly dynamic especially in China, with highest rates of urbanization worldwide. In contrast to these well-
known trends, a recently emerging and rarely studied side effect is “ghost cities”, which became a notable 
phenomenon in China recently. A ghost city is commonly defined as a new urban development that is running at 
severe undercapacity with respect to population and businesses and where the availability of housing and public 
infrastructure significantly exceeds the practical demand. Against this background, this study presents a 
framework based on remote sensing for the assessment of the presence or absence of the ghost city phenomenon 
in a typical highly dynamic Chinese city. For this purpose, remote sensing data with very-high resolution (VHR) 
are employed for establishment of a 4d functional city model and subsequent population capacity estimation 
based on a statistical approach. Regarding the components of the functional 4d city model, the multi-temporal 
building model and classification of building types associated with residential and non-residential function 
returned very high accuracies with κ of 0.73 and 0.89, respectively, while the number of floors was estimated 
with coefficient of determination of 0.91. Compared to the numbers of official census counts, the multi-temporal 
population capacity estimation revealed a considerable mismatch of available living space based on VHR remote 
sensing data and actual population counts. According to the conceptual framework of this study, this 
disagreement indicates a high likelihood and significant evidence for the emergence and presence of the ghost 
city phenomenon for the city of Dongying. In addition, a detailed spatial assessment was conducted in terms of 
an index comparing the dynamics of residential developments and population numbers to provide an impression 








Urbanization, population growth and displacement of population concentration towards cities are global 
trends. These processes keep turning the world into an urban society as the largest parts of the additional 
population is projected to become urban dwellers (United Nations, 2014). This trend is especially dynamic in 
China, with highest urbanization rates worldwide (Seto, et al., 2011; Taubenböck, et al., 2014). The urban share 
of the total population increased by almost 30 percent within the past three decades, and growth rates are 
projected to persist in the future (World Bank & Development Research Center of the State Council, 2014). With 
respect to the physical expansion of urban areas, the spatial extent of urban land in China has tripled during the 
past 30 years while the expansion reached a factor of five in the dynamic coastal provinces in the South-East of 
China (Schneider & Mertes, 2014). 
In this regard, remote sensing has proven an adequate tool for quantitative measurement and continuous 
observation of the urban built-up extent and its spatial expansion at global (Schneider, et al., 2010; Taubenböck, 
et al., 2012) as well as at national scale, e.g., with respect to China (Li & Gong, 2016; Shi, et al., 2017; Xie & 
Weng, 2016). In literature, numerous methods for mapping and monitoring of urban built-up extent exist using 
various types of remote sensing data at different spatial scales. For example, Schneider, et al. (2010) utilize 
500m MODIS data for global classification of urban land cover, while the authors of Taubenböck, et al. (2012) 
employ multi-temporal Landsat and TerraSAR-X imagery for monitoring of megacities worldwide at a spatial 
resolution of 30m. Another data source is multi-temporal nighttime light imagery, which is used for global 
mapping of urbanization dynamics (Ma, et al., 2015; Zhang & Seto, 2011). Although very-high resolution 
(VHR) remote sensing imagery (i.e. data with spatial resolution of 1m or less) became more and more available 
and accessible, no studies at global or very large scales (such as the national scale of China) exist to date. 
However, several recent studies have demonstrated the feasibility of monitoring the physical expansion and 
structural urban transformation for smaller test sites (e.g., Huang, et al. (2017), Lefebvre and Corpetti (2017), 
Leichtle, et al. (2017a)). 
A well and widely known phenomenon with respect to urbanization in China is rural-urban migration, which 
has persisted for the last decades and was studied intensively in literature (e.g., Liang (2001), Zhang and Song 
(2003), Chan (2012)). In accordance with the spatial expansion of cities, rural-urban migration was and remains 
strongly directed towards the coastal provinces in the South-East of China (Chan, 2012). Chan (2012) estimated 
a number of 200-250 million rural residents that have moved to Chinese cities within the past three decades. 
Despite this continuous and massive process of rural-urban migration in China, a completely different, emerging 
and less studied phenomenon are so-called ghost cities. Briefly, a ghost city can be described as a „new 
development that is running at severe undercapacity, a place with drastically fewer people and businesses than 
there is available space for“ (Shepard, 2015). According to Shepard (2015), ghost cities have become a notable 
phenomenon in China in recent times. 
Against this background, this study aims to provide a framework for assessing the ghost city phenomenon by 
means of multi-temporal VHR remote sensing data. The objective of this study is the assessment of the presence 
or absence of the ghost city phenomenon based on the multi-temporal confrontation of available living space of 
residential buildings (i.e. population capacity) delineated from VHR remote sensing data and multi-temporal 
population counts from census. For this purpose, a 4d functional city model is established (Section 4.2), 
comprising a multi-temporal building model, classification of building types associated with residential and non-
residential function (i.e. with regard to permanent residential population) as well as building height in terms of 
the number of floors. Based on these multi-temporal physical morphologic characteristics of the built 
environment, a statistical approach is applied for multi-temporal population capacity estimation (Section 4.3). 
The relationship between the multi-temporal evolution of a city’s morphologic configuration, building function 
and related population capacity estimates and the temporal development of its respective census counts enables 
the assessment whether the ghost city phenomenon is existent or not (Section 4.4). In this study, the city of 
Dongying serves as an example of a typical highly dynamic medium sized Chinese city, which may suffer from 
the ghost city phenomenon. 
 
2. GHOST CITIES OF CHINA 
 
The term ghost city (or alternatively ghost town, ghost estate) was originally used for empty or unfinished 
residential developments in Ireland which occurred as a consequence of the global financial crisis (O'Callaghan, 
et al., 2014). However, the phenomenon of ghost cities became also notable in China recently (Shepard, 2015). 
As opposed to ghost estates in other countries around the globe which mostly arise from abandoned old 
residential developments (O'Callaghan, et al., 2014; Thompson & de Beurs, 2018; Xie, et al., 2018), a Chinese 
ghost city is unique since completed new buildings are affected (He, et al., 2016). As mentioned above, a ghost 
city in China is defined as a new urban development running at severe undercapacity, a place which houses 
drastically fewer people and businesses than there is space available (Shepard, 2015). A very similar definition is 
given by Zheng, et al. (2017b), who characterize ghost cities by three main features: low population density, low 
luminosity intensity, and extensive non-lit built-up areas. In another study, Zheng, et al. (2017a) define ghost 
cities likewise as areas of low intensity of anthropogenic activities and dark built-up areas with few lights at 
night. Jin, et al. (2017) associate ghost cities with low urban vitality of new residential developments, which is 
defined according to urban morphology, functional aspects, and social indicators. Finally, the authors of Ma, et 
al. (2018) relate ghost cities to imbalanced urbanization of land and population as well as low nighttime light 
intensity. 
 
2.1 Background of the ghost city phenomenon in China 
 
In China, several political, demographic and related spatial policies influence urbanization and population 
development, which have effects on the evolution of the ghost city phenomenon. Chinese urbanization and 
migration of rural population towards cities has increased massively since the 1980s and remains high at an 
unprecedented rate (Ren, 2013). However, in contrast to many cities of the Global South, urban development and 
planning as well as migration of population is controlled by administrative orders and master plans from the 
Chinese government (Ruibo & Linna, 2013). Thus, urban planning in China has become a strategic 
governmental instrument to relieve the pressure on rapidly growing cities (Shepard, 2015) or to promote 
economic growth of selected cities and provinces (Ren, 2013). In addition, the sale of land use rights for urban 
development has become an important source of revenue and taxes for the local governments, who are 
consistently reinforcing this approach (Zheng, et al., 2014). However, the population development in China is 
strongly controlled by the hukou (household registration) system, which assigns a registration status of urban or 
rural to each citizen that can only be changed by the government (Ren, 2013). Thus, permanent migration from 
rural to urban areas in the formal sense (i.e., hukou migration) is highly regulated and mostly only possible for 
the very rich, the highly educated or direct family members of citizens with urban hukou (Chan & Buckingham, 
2008). Therefore, the number of hukou migrants has been remaining relatively stable at low numbers since the 
1990s (Chan, 2012). For these reasons, construction of new residential areas has increased much faster than the 
urban population in some areas, which implies an increasing number of vacant apartments (Zheng, et al., 2014). 
In turn, such situations depict the starting point for the emergence of the ghost city phenomenon. 
 
2.2 Current state of ghost cities in China 
 
One of the most famous ghost cities in China known from the public media is Ordos Kangbashi in Inner 
Mongolia, which was established in 2003 after the discovery and development of coal and gas deposits in the 
beginning of the 21st century (Shepard, 2015). Besides this popular example, several other ghost cities are 
collected by means of rankings and listings from different sources. Since 2014, the Chinese third-party 
organization Standard Ranking has been publishing an annual list of the top 50 ghost cities identified by means 
of low population density within the built-up area, setting the threshold to 5500 people / km² (Standard Ranking, 
2015). In 2015, the real estate portal of Fang Holdings (www.fang.com) published a list of 12 ghost cities in 
China based on the decline of prices in the local residential real estate market (Fang Ranking, 2015). Another list 
was published in 2015 by the Chinese internet technology company NetEase (www.163.com), who indicate 
ghost cities by declining population growth and density accompanied by an increasing growth rate of the urban 
land area and conclude a concentration of ghost cities in the Northeast of China as well as in coastal areas of 
Shandong province (NetEase Ranking, 2015). Besides their own analyses, the authors of Jin, et al. (2017) 
conducted a keyword search (name of each city + “ghost city” in Chinese) on the Chinese search engine Baidu 
(www.baidu.com) and created a list of ghost cities in order to assess the public sense for this phenomenon. A 
complete reprint of these lists and rankings can be found in the appendix section of Jin, et al. (2017). 
The most common to all of these lists and rankings is that they have only few cities in common. In fact, not a 
single city was identified as a ghost city by all four assessments. Although the list published by NetEase found 
some spatial concentration patterns of ghost cities, no general nationwide distribution of ghost cities in China 
could be identified. Thus, more objective and scientific profound methodological frameworks for the assessment 
of the ghost city phenomenon are required. 
 
2.3 Scientific assessment of the ghost city phenomenon 
 
In the context of scientific analysis of the ghost city phenomenon, only few and very recent studies exist. The 
most comprehensive overview of ghost cities in China is given by Shepard (2015), who precisely describes their 
background, causes, implications, and potential future development from a theoretical perspective. A practical 
study on ghost cities is presented by Chi, et al. (2015), who identify vacant housing areas indicating ghost cities 
based on cellphone positioning data at national scale in China. Jin, et al. (2017) developed a ghost city index for 
all Chinese cities by multi-temporal evaluation of the vitality of cities based on the number of road junctions, 
functionality at block level, and location based services (LBS) data. Another study in this context is presented by 
Zheng, et al. (2017b), which is one of only two known studies to date utilizing remote sensing data for the 
detection of ghost cities at medium to high spatial resolution. In their study, Zheng, et al. (2017b) employ remote 
sensing data from multiple sources (i.e., nighttime lights, land cover, and gridded population data) and propose 
an index for ghost city identification in the Yangtze River Delta. The second study based on remote sensing data 
from a similar group of authors (Zheng, et al., 2017a) proposes a slightly different ghost city index based on 
built-up area compared to nighttime light imagery and demonstrates this approach in Northeast China for the 
detection of ghost cities. In a similar manner, Ma, et al. (2018) introduce an improved ghost city index which 
relates the match-degree of the development of built-up area and population development to nighttime light 
imagery in the city of Ordos. 
These studies show capabilities and limitations of remote sensing data for assessing the ghost city 
phenomenon; however, none of these approaches employs VHR imagery for detailed assessment at the building 
level. Furthermore, a detailed discrimination of residential and non-residential function related to building types 
as well as the vertical dimension of urban areas is neglected throughout. In addition, most of the related work 
does not consider the multi-temporal aspect of the ghost city phenomenon. 
 
3. CONCEPTUAL FRAMEWORK 
 
Summarizing the definitions as well as the findings of existing studies on the ghost city phenomenon in China 
(Section 2), the most common feature of ghost cities is severe undercapacity with respect to population and 
businesses within the built-up area while the reliable identification remains challenging. Against this 
background, the conceptual framework for assessment of the ghost city phenomenon in this study is based on the 
multi-temporal confrontation of available living space of residential buildings (i.e. population capacity) 
measured by means of VHR remote sensing and multi-temporal population counts (i.e. permanent residential 
population) from official census data. Compared to exiting studies, especially the multi-temporal assessment 
adds robustness to the analyses since uncertainties can be reduced by consideration of temporal trends. Thus, the 
conceptual definition of the ghost city phenomenon in this study is based on the hypothesis that the available 
living space massively exceeds the actual population within the study area. 
Based on this hypothesis, the deductive methodological framework of this paper is presented in Fig. 1. For 
estimation of the multi-temporal residential population capacity, a 4d functional city model is established based 
on a multitude of input data. This model encompasses three components with respect to the characteristics of the 
physical built environment: First, a multi-temporal building model is developed by means of object-based 
change detection of individual buildings using VHR remote sensing data. Second, building types associated with 
residential and non-residential function are classified for both time steps. Third, building heights from a remote 
sensing based digital surface model are transformed to number of floors for each building. The multi-temporal 
population capacity is estimated statistically based on the available living space and opposed to multi-temporal 
population counts which are collected from official census data. Based on the comparison of the estimated 
population capacity and actual population counts, the presence or absence of the ghost city phenomenon can be 
assessed. Especially the dynamics of these numbers increase the validity of this study since the multi-temporal 
assessment mitigates uncertainties due to consideration of only one snapshot in time. Thus, if the temporal 
evolution of the estimated population capacity massively exceeds the change of actual population counts, the 
presence of the ghost city phenomenon is highly likely according to the definition and hypothesis in this paper. 
 
 
Fig. 1: The methodological framework of this study. 
 
For demonstration and application of the proposed methodology, a rapidly growing urban area in Shandong 
province is selected as study area (Fig. 2). The analysis focuses on the largest and most important city within the 
area of the Yellow River Delta (YRD), Dongying (Fig. 2a). After the discovery and development of Shengli Oil 
Field in the 1960s, the city of Dongying was established in 1983 to harbor oil related industries and its workers 
(Kuenzer, et al., 2014). Since then, the YRD has undergone a rapid economic development accompanied by 
heavy urbanization and population growth (Ottinger, et al., 2013). In Dongying, the local government aims to 
develop the city as a “national highly-efficient ecological industry base” (Comitee of the Dongying urban and 
rural planning bureau, 2011) and is expediting construction and urbanization. Within its only 30 years of history, 
the city of Dongying raised to highest recent urbanization rates of the six biggest cities in Shandong province 
(Xu, et al., 2009). In case of Dongying, some studies report the presence of the ghost city phenomenon (e.g., Chi, 
et al. (2015)), whereas other studies do not characterize it as a ghost city (e.g., Standard Ranking (2015)). 
Although Dongying is not included in the top 30 ghost cities of China in Jin, et al. (2017), it exhibits a relatively 
high ghost city index according to the authors definition and analyses. Thus, the practical aim of this study is to 
clarify the presence or absence of the ghost city phenomenon for the city of Dongying as a typical example of a 
rapidly growing medium sized Chinese city which may suffer from the ghost city phenomenon. 
 
 
Fig. 2: Location of the study area and available data sets: a) Overview of the five municipalities in Dongying 
district and extent of the study area corresponding to the city of Dongying (red frame), b) Zoomed area from the 
Pléiades normalized digital surface model (nDSM) and derived building footprint geometries, c) Details of the 
QuickBird imagery from 2006/2007 (t0), and d) Details from WorldView imagery acquired in 2013 (t1). 
 
4. DATA & METHODS 
 
4.1 Data Sets 
4.1.1 Remote sensing data 
 
Multi-temporal VHR remote sensing imagery 
The VHR remote sensing imagery serves as the basis for the multi-temporal analysis and consists of two 
multispectral images with very high spatial resolution. The first image is a mosaic of two QuickBird images 
which were acquired on March 30, 2006 and February 25, 2007 with off-nadir view angles of 5.7° and 14.2°, 
respectively (a zoomed area is shown in Fig. 2c). Based on their close temporal relationship, these images are 
treated as the first time step 2006/2007 (i.e. t0). The second image mosaic from 2013 (considered as t1) consists 
of three WorldView-2 acquisitions with one image recorded on January 1, 2013 and two images from January 
17, 2013 (a zoomed area is shown in Fig. 2d). The three acquisitions possess off-nadir view angles of 18.1°, 
22.5°, and 15.9°, respectively. Both image mosaics exhibit four spectral bands (blue, green, red, and near 
infrared (NIR)) and were rescaled to a spatial resolution of 50cm using nearest neighbor resampling. The multi-
temporal image mosaics were properly co-registered with mean RMSE (root mean square error) of 1.5 pixels 
(i.e. 0.75m) and atmospherically corrected using the ATCOR (Atmospheric and Topographic Correction) 
toolbox (Richter, 1996). 
Normalized digital surface model (nDSM) and building footprint geometries 
Building footprint geometries corresponding to the year 2013 (t1) are available for the urban part of Dongying 
municipality, i.e. the spatial extent of the city of Dongying (red box in Fig. 2a). The building footprints were 
extracted semi-automatically from a normalized digital surface model (nDSM) acquired on October 18, 2013 
with spatial resolution of 4m utilizing the segmentation and classification procedure presented in Wurm, et al. 
(2011). The nDSM also provides building height, whereas the median value of all pixels within each building 
footprint is utilized (also see Tab. 2). Building heights based on the nDSM possess a coefficient of determination 
(𝑟2) of 0.98 compared to building heights from in situ measurements. In addition, the extracted buildings have 
been checked and corrected manually in order to ensure high reliability (a zoomed area shown in Fig. 2b). The 
availability of building footprints delimitates the study area of this paper, which encompasses a total of 30,695 
buildings. 
 
4.1.2 Ground truth data on buildings 
 
Ground truth information and reference data on building objects is available for calibration and validation 
purposes of the 4d functional city model. Changed buildings are defined as newly constructed buildings in this 
study and reference data on building change was collected via visual inspection of the multi-temporal VHR 
remote sensing imagery. Accordingly, 7,433 building labels are available for accuracy assessment of change 
detection which are divided into 3,430 changed and 4,003 unchanged building objects, respectively. Ground 
truth information on building types associated with residential and non-residential function, which is defined 
with regard to the occupancy of permanent residential population, as well as height information according to the 
number of floors is available from field data acquired in October 2013. During this field campaign, the building 
type and its associated function were determined and the number of floors was counted visually. Within the 
scope of this study, building functions are reduced to two classes: residential and non-residential, whereas the 
latter class comprises several classes of building functions (e.g., industrial, commercial, or office buildings). In 
total, 709 samples on building functions are available, which are separated into 468 residential and 241 non-
residential buildings.  
 
4.1.3 Multi-temporal census data 
 
Census data are available from the statistical yearbooks of Shandong province for the past 15 years, i.e., from 
2000 until 2015 (Shangdong Provincial Bureau of Statistics, 2001-2016), which covers the years that are relevant  
with respect to the remote sensing data sets (i.e. 2006/2007 (t0) and 2013 (t1)) and gives an additional impression 
of the more long-term trends. This data on the actual permanent residential population is available for all five 
municipalities in Dongying district. Although the study area largely covers Dongying municipality (Fig. 2a), the 
incorporation of the evolution of census counts within the spatial extent of the district area allows for 
consideration of population development in the wider context of the YRD. 
 
4.2 4d functional city model 
4.2.1 Change detection of buildings 
 
In this study, multi-temporal VHR remote sensing data are utilized together with building footprint geometries 
for object-based change detection in order to derive the multi-temporal building model. The object-based change 
detection approach is based on the unsupervised methodology presented in Leichtle, et al. (2017a). 
For the purpose of change detection, building geometries are used to derive object-based features based on the 
multi-temporal VHR images. Features from different categories, i.e. first-order statistics of the multispectral 
bands, ratio features, and second-order statistics based on the grayscale image are utilized (Tab. 1). The object-
based features are calculated individually from each VHR image and subsequently combined by means of 
object-based feature differencing (i.e., difference feature vector) in order to incorporate the temporal relationship 
implicitly. To ensure equal weighting within the difference feature vector, minimum-maximum normalization is 
employed to introduce a common range of values of [-1, 1]. 
 
Tab. 1: Object-based features for change detection. 
Multispectral features (10) Ratio features (11) Grayscale texture features (12) 
mean intensity of blue band blue / green GLCM angular 2nd moment  
mean intensity of green band blue / red GLCM contrast 
mean intensity of red band blue / NIR GLCM correlation 
mean intensity of NIR band green / red GLCM dissimilarity 
mean intensity of all bands (brightness) green / NIR GLCM entropy 
standard deviation of blue band red / NIR GLCM homogeneity 
standard deviation of green band normalized greena GLCM mean 
standard deviation of red band normalized redb GLCM standard deviation  
standard deviation of NIR band normalized NIRc GLDV angular 2nd moment 
maximum difference between bands NDVId GLDV contrast 
 SAVIe GLDV entropy 
  GLDV mean 
grayscale image = (blue + green + red) / 3 
a normalized green = green / (NIR + red + green), b normalized red = red / (NIR + red + green), c normalized NIR = NIR / 
(NIR + red + green) 
d NDVI = (NIR – red) / (NIR + red), e SAVI = [(NIR – red) / (NIR + red + L)] * (1 + L), where L = 0.5 
 
As a final step of feature preprocessing, principal component analysis (PCA) is employed in order to eliminate 
inevitable correlations and thus redundant information from the object-based difference features in Tab. 1. For 
this purpose, a tripartite procedure is deployed in order to determine the number of relevant principal 
components (PCs). In this manner, the Bartlett’s test is used as a precondition, while the number of relevant PCs 
is determined by a combined threshold condition of cumulative proportion of explained variance and an 
averaged parallel analysis (Leichtle, et al. (2017a)). 
Subsequently, clustering is utilized for discrimination of changed and unchanged buildings based on the 
relevant PCs of all features. In this paper, four different clustering algorithms that have proven their utility for 
unsupervised change detection according to Leichtle, et al. (2017b) are applied for change detection: k-means, 
partitioning around medoids (PAM), genetic k-means, and the self-organizing map (SOM) clustering approach. 
Finally, the two partitions of the building inventory are labeled according to changed and unchanged buildings. 
The subsequent classification of building types, transformation of height to the number of floors, as well as 
estimation of population capacity assume that these respective characteristics are stable and do not change within 
the observation period of 6/7 years. Thus, the information on changed and unchanged buildings is directly 
incorporated at building level as a precondition for all other components of the 4d functional city model and 
changed buildings are excluded from the first time step (i.e. t0). 
 
4.2.2 Classification of building types 
 
Building types are classified based on building geometries and ground truth information on residential and 
non-residential function. According to Wurm, et al. (2016), shape-based features related to building footprints 
possess high discriminative power for building types classification. The utility of the shape of buildings is also 
demonstrated in Geiß, et al. (2015) and Xie, et al. (2015), where the spatial context of buildings within building 
blocks is included in terms of additional features. The spatial relationship of buildings is also employed by Lu, et 
al. (2014) for classification of building types. The current study combines features from these studies, whereas 
the spatial relationship of buildings is incorporated at the block level, which is defined according to the road 
network (Tab. 2). 
 
Tab. 2: Object-based features for building types classification based on Wurm, et al. (2016), Geiß, et al. 
(2015), Xie, et al. (2015), and Lu, et al. (2014). 
2d statistics 
 




3d shape features 
 
Spatial relationship of 
buildings within block 
area compactness median height  volume / area mean distance 
perimeter roundness volume volume / 
perimeter 
distance to nearest 
building 
area / perimeter shape index 2d  shape index 3d mean area 
length asymmetry 2d  asymmetry 3d SD of area 
width density   mean volume 
length / width rectangular fit   SD of volume 
 elliptic fit   mean density 
 border index   SD of density 
 main direction   mean asymmetry 
 normalized perimeter index   SD of asymmetry 
 normalized proximity index 
(nPI) 
  mean main direction 
 normalized spin index (nSI)   SD of main direction 
    built-up density 
SD = standard deviation 
 
The object-based features according to the shape of buildings and their spatial relationship within each block 
serve as input for supervised classification of building types using the Random Forest (RF) classifier (Breiman, 
2001). The required input parameters for the RF classifier comprise the number of classification trees to be 
generated (𝑛𝑡𝑟𝑒𝑒) and the number of features that are utilized at each node to establish a decision (𝑚𝑡𝑟𝑦) (Belgiu 
& Drăguţ, 2016). In the current study, the R software implementation presented by Liaw and Wiener (2002) is 
employed, where 𝑛𝑡𝑟𝑒𝑒 is set to 500 and 𝑚𝑡𝑟𝑦 is defined as √𝑝, with 𝑝 corresponding to the number of features. 
These values are initialized according to default values, which is also recommended by Belgiu and Drăguţ 
(2016). 
Prior to training of the RF classifier, the features are scaled to a common range of values of [0, 1] in order to 
ensure equal weighting of all features. The ground truth information on building function is available for 709 
sample buildings and separated into training and testing data picking a stratified random sample with partitioning 
of 85% training and 15% testing samples. Subsequently, the RF model is trained and applied to the complete set 
of buildings for classification of building types according to residential and non-residential function. 
 
4.2.3 Transformation of building height 
 
Since the statistical approach for population capacity estimation is based on the available living space per 
residential building in this study, building height must be transformed to number of floors for all buildings first 
(Fig. 3). For this purpose, the average floor height of buildings with residential function from the reference data 
set (Section 4.1.2) ℎ𝑓𝑙𝑗(𝑜𝑏𝑗 = 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙) is calculated by linear transformation of building height from the 
nDSM. In this regard, the height of each reference building (ℎ𝑏𝑗) is divided by its number of floors (𝑛𝑓𝑙𝑗), which 
is available through the nDSM and ground truth information (Section 4.1.2). The average floor height of the 
reference buildings is compared to the height of all buildings (i.e., their median nDSM value (ℎ𝑏𝑖(𝑡𝑏𝑖 =
𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙))) to derive the number of floors (𝑛𝑓𝑙𝑖) for all residential buildings within the study area. This step 
includes three threshold conditions based on building height and the statistics of the floor heights from the 
reference data (Fig. 3). The first condition excludes buildings with smaller height than the lowest building in the 
reference data (𝑛𝑓𝑙𝑖 = 0). The second condition assigns one floor (𝑛𝑓𝑙𝑖 = 1) to buildings that are lower than the 
average floor height but not included in the first condition. For buildings from the third condition (i.e., buildings 
with greater height than the average floor height from reference data), their height is divided by the average floor 
height for residential buildings to determine the number of floors (𝑛𝑓𝑙𝑖). In this context, only full floors are 
considered, i.e. the number of floors (𝑛𝑓𝑙𝑖) is generally rounded down. 
 
Fig. 3: Transformation of building height to number of floors for all buildings within the study area. Formulae 
index j refers to buildings from the reference data set, index i indicates the complete building inventory within 
the study area. For mathematical symbols and abbreviations see text. 
 
4.2.4 Validation of the 4d functional city model 
 
For validation of the 4d functional city model, each parameter (i.e., the multi-temporal building model, 
building types classification, and number of floors) is validated separately according to its respective ground 
truth information. For accuracy assessment of the multi-temporal building model as well as building types 
classification, the Kappa statistics (Foody, 2002), the F-score (Van Rijsbergen, 1979), as well as the True-Skill-
Statistics (TSS) (Allouche, et al., 2006) are calculated based on the respective ground truth information (Section 
4.1.2). The linear transformation of building height to the number of floors is validated based on the reverse 
prediction of the number of floors using the average height per floor of reference buildings with residential 
function, whereas the coefficient of determination (𝑟2) is calculated as a quantitative measure of accuracy. 
 
4.3 Population capacity estimation 
 
Population capacity at the building level is estimated according to the statistical approach for population 
estimation (Biljecki, et al., 2016). The combination of the classification of building types and the area of building 
footprints together with the number of floors allows the spatial quantification of available living space. Fig. 4 
presents the workflow for population capacity estimation. First, the available living space for each residential 
building (𝑙𝑠𝑖(𝑡𝑏𝑖 = 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙)) is estimated by multiplication of the number of floors (𝑛𝑓𝑙𝑖) with the area of 
each floor based on the building area (𝑎𝑏𝑖). Second, the population capacity of each building (𝑝𝑜𝑝𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑖) is 
estimated based on the available living space (𝑙𝑠𝑖) and statistical data on living space per capita (𝑙𝑠𝑐𝑎𝑝𝑖𝑡𝑎) 
available from the Comitee of the Dongying urban and rural planning bureau (2011). The estimated population 
capacity for each building is generally rounded down. Based on the multi-temporal building model, multi-
temporal population capacity estimates are established. 
 
Fig. 4: Workflow for estimation of population capacity. For mathematical symbols and abbreviations see text. 
 
4.4 Assessment of the ghost city phenomenon 
 
According to the conceptual framework of this study (Section 3), the presence or absence of the ghost city 
phenomenon is assessed by the comparison of multi-temporal population capacity estimates (Section 4.3) against 
multi-temporal census counts (Section 4.1.3). The estimated numbers of population capacity per building are 
summarized for the complete study area in order to approximate the administrative municipality level of census 
data. Accordingly, if the estimated population capacity massively exceeds population counts, the presence of the 
ghost city phenomenon is highly likely. In contrast, if these numbers correspond with each other or exhibit only 
slight variation, there is no indication for the presence of the ghost city phenomenon. In order to provide a more 
robust assessment, the dynamics of population capacity are opposed to the change of population counts in terms 
of multi-temporal assessment.  
In addition, this comparison is also conducted in a spatially more detailed manner to provide an impression of 
specific regions within the urban area which are most likely to suffer from the ghost city phenomenon. 
According to the conceptual framework, a higher probability for the presence of the ghost city phenomenon can 
be assumed in areas of most recent residential developments based on constant or decreasing population numbers 
according to the census data. For the detailed spatial localization, the dynamics of the estimated population 
capacity (𝑒𝑝𝑐) and census counts (𝑐𝑐) are scaled to relative values of [-1, 1] due to the deviation of spatial scales 
and consequent deviation of absolute numbers of both parameters (i.e., 𝑒𝑝𝑐 at building level, 𝑐𝑐 on 
administrative units): 








with  ∆ 𝑒𝑝𝑐 =  𝑒𝑝𝑐 (𝑡1)  −  𝑒𝑝𝑐 (𝑡0)  
and  ∆ 𝑐𝑐 =  𝑐𝑐 (𝑡1)  −  𝑐𝑐 (𝑡0). 
The dynamics of estimated population capacity and census counts are combined in terms of an index as 
follows: 
𝜌 𝑒𝑝𝑐 −  𝜌 𝑐𝑐
2
 
This index indicates the relationship of population capacity and actual number of residents with respect to the 
smallest spatial scale of inputs (i.e. the building level in this study) and possesses a range of values of [-1, 1]. 
Accordingly, values towards 1 represent high likelihood for the presence of the ghost city phenomenon, while 
values around 0 refer to a proper degree of occupancy and low probability for the presence of a ghost city. 
Increasing census counts with simultaneous decreasing availability of living space (i.e. population capacity) 





5.1 4d functional city model 
5.1.1 Multi-temporal building model 
 
For development of the multi-temporal building model and observation of the physical growth of the city of 
Dongying, the approach for unsupervised change detection was performed using different clustering algorithms 
on the WorldView-2 and QuickBird images from 2013 and 2006/2007, respectively. The change detection 
results of the four clustering algorithms (i.e., k-means, PAM, genetic k-means, and the SOM clustering 
approach) were compared according to their classification accuracy and the respective best result was used (Fig. 
5a). 
In general, Dongying is a highly dynamic city, which is clearly reflected by the results of change detection 
analysis. Within the considered time span of 6/7 years, 12,875 new buildings were constructed, which 
corresponds to an increase of the building inventory of 72%. As shown in Fig. 5a, new buildings were built more 
or less equally distributed within the city area of Dongying. Notably, complete blocks were established in most 
cases, whereas construction of single buildings represents an exceptional case. 
 
Fig. 5: Change detection and classification results in Dongying. a) Multi-temporal building model according to 
unsupervised change detection of QuickBird imagery from 2006/2007 (t0) and WorldView-2 acquisitions from 
2013 (t1). b) Building types classification associated with residential and non-residential function. c) Details of 
the multi-temporal building model and building types classification. 
 
5.1.2 Building types 
 
The supervised RF classification of building types was conducted based on object-based features at building 
level (Tab. 2) and ground truth information according to residential and non-residential function (Section 4.1.2). 
After scaling of all features to a common range of values of [0, 1], the ground truth data were stratified and 
randomly sampled into 398 + 205 training and 70 + 36 testing samples for the two classes of interest (i.e., 
building types with respect to residential and non-residential function), respectively.  
Fig. 5b depicts the classification result of building types associated with residential and non-residential 
function. In total, 18,166 buildings were classified as residential and 11,821 were identified as non-residential. 
As shown in Fig. 5b, the majority of residential buildings are concentrated in the central parts of the city of 
Dongying, while non-residential buildings are located more towards the outskirts. Especially the Eastern part of 
the city is dominated by large non-residential buildings which can be allocated industrial function. Furthermore, 
building types are much more diverse in the Western part of Dongying, i.e. residential and non-residential 
buildings are allocated in a mixed manner at small spatial scales. In relation to the multi-temporal building 
model (Fig. 5a), 8,351 (65%) newly constructed buildings correspond to residential function while 4,524 (35%) 
account for non-residential buildings. 
 
5.1.3 Number of floors 
 
For the purpose of transformation of height from the nDSM to the number of floors for all residential 
buildings within the study area, the average height per floor was calculated using the relationship of building 
height and the number of floors for all reference buildings with residential function. Fig. 6 depicts the 
relationship between building height and the number of floors of the reference buildings which serves as the 
basis for linear transformation of building heights from the nDSM. In this study, an average height per floor of 
2.88m was empirically derived based on 468 buildings with residential function from the ground truth data set. 
Based on the average height per floor, the number of floors was calculated using the median height from the 
nDSM for all residential buildings within Dongying. 
 
Fig. 6: Relationship of building height (i.e., median height from the nDSM per building footprint) and number 
of floors for 468 reference residential buildings within the study area. 
 
5.1.4 Validation of the 4d functional city model 
 
For validation of the multi-temporal building model (Fig. 5a), the change detection accuracies of the four 
clustering algorithms were merged and returned final weighted accuracies of κ = 0.73, 𝐹 = 0.85, and 𝑇𝑆𝑆 =
0.73 for the complete city extent. With respect to building types classification (Fig. 5b), the testing samples of 
the RF classification were used for validation with accuracies of κ = 0.89, 𝐹 = 0.93, and 𝑇𝑆𝑆 = 0.89. The 
linear transformation of building height to the number of floors was validated according to the reverse prediction 
of the number of floors with a coefficient of determination of 0.91. 
 
5.2 Population capacity estimation 
 
The 4d functional city model serves as input for multi-temporal population capacity estimation according to 
Fig. 4. The population capacity was calculated based on the available living space per building and the statistical 
living space per capita, which is 35 square meters per person for the city of Dongying according to the Comitee 
of the Dongying urban and rural planning bureau (2011). Fig. 7a shows the estimated population capacity for all 
residential buildings in Dongying for the year 2013. The population capacity for 2006/2007 (Fig. 7b) is given 
implicitly based on the multi-temporal building model. 
 
Fig. 7: Multi-temporal estimation of population capacity at building level for the city of Dongying. a) 
Population per building in 2013 (t1). b) Estimated population capacity in 2006/2007 (t0). c) Details of multi-
temporal population capacity estimation. 
 
As shown in Fig. 7, the general spatial pattern of the estimated population capacities reflects the combined 
results of change detection and building types classification, while large high-rise residential buildings provide 
living space for a large number of people as opposed to low buildings with small area. The smallest buildings in 
Dongying provide room for one person each, while the largest residential building is capable of hosting 1,060 
people. In total, the summarized population capacity of Dongying is 587,914 people for 2006/2007, while this 
number increases to 1,188,749 for the year 2013. The increase of the building inventory corresponds to an 
increase of population capacity of 102% within the considered time span of 6/7 years. 
 
5.3 Assessment of the ghost city phenomenon 
 
For the assessment of the presence or absence of the ghost city phenomenon, the aggregated numbers of 
estimated population capacity in Dongying were related to census counts of the administrative unit of Dongying 
municipality. Although the study area possesses a large spatial overlap with Dongying municipality (Fig. 2a), 
census counts of all five municipalities (i.e., Dongying district) were consulted in addition for consideration of 
the wider context of the YRD. The multi-temporal comparison of estimated population capacity and census 
counts (Fig. 8) according to the statistical yearbooks for Dongying municipality (blue graph in Fig. 8) show very 
good agreement in 2006/2007 (estimated total population capacity of 587,914 opposed to 611,000 people in 
2006 and 616,000 people in 2007 according to census), but large disagreement in 2013 (estimated total 
population capacity of 1,188,749 opposed to 598,000 people according to census). Thus, the estimated 
population capacity in 2006/2007 deviates 4.17% from the census counts, while in 2013 the relative difference is 
98.79%. The development of census counts in Dongying district according to the statistical yearbooks (orange 
graph in Fig. 8) underlines the validity of the evolution of population counts in Dongying municipality. In 
conclusion, the estimated population capacity massively exceeds population counts in 2013 and thus, the 
assessment in this study reveals severe undercapacity with respect to permanent residential population within the 
urban area of Dongying. In other words, the emergence of the ghost city phenomenon can be considered highly 
likely within the time period of monitoring according to the definition of this study. 
 
 
Fig. 8: Multi-temporal comparison of population capacity estimates in 2006/2007 (t0) and 2013 (t1) (red) with 
census counts of Dongying district (orange) and Dongying municipality (blue). 
 
The calculated index describing the ghost city phenomenon and its spatial distribution is presented in Fig. 9. 
Besides index values of individual buildings, its mean value at the block level (defined according to the road 
network) is displayed for spatial aggregation and generalization and reveals specific regions of the urban area 
which are most likely to suffer from the ghost city phenomenon. Obviously, these areas correspond to the 
synopsis of the 4d functional city model and multi-temporal population capacity estimates. Based on the city-
wide findings that in 2006/2007 the estimated population capacity matches census counts quite exactly, specific 
spatial conclusions are feasible. Since census counts are only available for the complete city extent, an equal 
trend is implicitly applied to all residential buildings in this study. However, assuming that the majority of the 
residents in Dongying do not migrate within the city during the 6/7 years of monitoring and the actual population 
of the city does not change, newly established quarters of large and high-rise residential buildings are most likely 
to suffer from the ghost city phenomenon (Fig. 9), which was also concluded by Shepard (2015), Jin, et al. 
(2017), and Ma, et al. (2018). Accordingly based on the more or less stable population of Dongying city, existing 
(i.e. unchanged) residential areas are less likely to suffer from the ghost city phenomenon as shown in Fig. 9. 
 
 
Fig. 9: Spatial dynamics of the estimated population capacity related to census counts: a) Spatial assessment of 




This paper demonstrated a framework for the assessment of the ghost city phenomenon based on VHR remote 
sensing data as well as census counts and revealed significant evidence for the emergence and presence of the 
ghost city phenomenon in case of the Chinese city of Dongying.  
Foremost, the proposed methodological framework is based on a 4d functional city model. The methodology 
of unsupervised change detection for setup of the multi-temporal building model is discussed in detail in 
Leichtle, et al. (2017a), whereas the obtained accuracy for the study area of 𝜅 = 0.73, 𝐹 = 0.85, and 𝑇𝑆𝑆 =
0.73 is similar to related work (e.g., Huang, et al. (2017), Lefebvre and Corpetti (2017)). With respect to the 
classification of building types, numerous studies have proven the utility of the RF classifier since its 
introduction by Breiman (2001). The accuracy of building types classification (𝜅 = 0.89, 𝐹 = 0.93, 𝑇𝑆𝑆 =
0.89) was comparable to existing studies in literature (e.g., Belgiu, et al. (2014), Geiß, et al. (2015), Wurm, et al. 
(2016)). The number of floors was determined based on linear transformation of building height with a high 
coefficient of determination of 0.91. Thus, the 4d functional city model provides a reliable data set of high 
thematic and geometric detail as well as high accuracies for characterization of the physical morphology and 
building functionality of the city. Subsequently, this information was employed for population capacity 
estimation based on a statistical approach for city-wide assessment of available living space and the potential 
number of inhabitants at building level. Other studies in literature found good accuracies using the statistical 
approach for population estimation, e.g., Wang, et al. (2016) achieve a mean relative error of 16.46% compared 
to census counts while Tomás, et al. (2016) underestimate the population by only 1.36%. In comparison, the 
estimated population capacity in 2006/2007 from this study deviates 4.17% from the respective census count for 
Dongying municipality, which indicates the validity of the relationship between the 4d functional city model 
with estimated population capacity and census data. However, quantitative validation of the multi-temporal 
population capacity estimation is challenging since detailed area-wide, reliable ground truth information is not 
existent in this regard. 
In addition, the methodological framework in this study encompasses known sources of error. First, the 
accuracy of change detection could be improved slightly by adjustment or correction of building parallax 
distortions, especially in case of high-rise buildings as presented in Leichtle, et al. (2017a). Furthermore, 
buildings under construction are classified as changed buildings and are included in the population estimation. 
However, as construction time is comparatively short in China, this leads to a short temporal inconsistency only. 
Second, mixed functions within individual buildings (e.g., commercial use on the ground-floor of residential 
buildings along shopping streets) might blur the precision with regard to classification of building types. In 
addition, the linkage of building types and associated functions might introduce uncertainties since it may not be 
unambiguous for all buildings. Third, the average floor height was calculated based on linear transformation of 
height for all residential buildings that includes certain variation (also see Fig. 6), which is not represented by the 
linear model. Fourth, errors and uncertainties with respect to the geometry of building footprints lead to loose 
representation of features for change detection as well as for classification of building types, but also cause 
under- or overestimation of available living space, especially in case of high-rise residential buildings. 
Nevertheless, the accuracy and the depth of detail in the 4d functional city model surpass existing studies and 
provide a reliable description of the physical morphologic configuration and associated function within the city. 
Finally, the estimation of population capacity is dependent on several factors: Although the classification of 
building types is of good accuracy, there might be residential buildings of mixed functions as described above or 
additional non-residential space within residential units (e.g., storage space, utility rooms, garages, etc.) might 
exist that is not accounted to living space in reality. In this context, as mentioned above, the linear estimation of 
the average floor height influences the accuracy of the calculation of the number of floors. Furthermore, the 
living space per capita may vary considerably dependent on social and economic factors within the city area 
(Wu, et al., 2008), e.g., villa-type residential buildings possess significantly higher living space per capita 
compared to residential buildings of ordinary or poor living conditions. In addition, the utilized value of living 
space per capita is based on the year 2013 as a reference and could have changed (most likely increased) since 
2006/2007 which might introduce a mismatch (most likely an overestimation) of population capacity. The 
utilized value of living space per capita is of high importance in general, since it significantly determines the 
absolute numbers of population estimation, as highlighted by Taubenböck and Wurm (2015). Nevertheless, this 
uncertainty is anticipated by the multi-temporal population estimation since the temporal characteristics of 
population capacity estimates are preserved regardless of the exact number of living space per capita. 
A crucial point for the comparison of population capacity estimates against census counts are uncertainties 
related to census data from the statistical yearbooks employed in this study. The mismatch of administrative 
boundaries and the spatial extent of the remote sensing data analysis induces sources of error. Due to the large 
overlap of the study area with Dongying municipality (Fig. 2a), census counts of this administrative unit were 
considered in particular while the numbers of all five municipalities (i.e., Dongying district) were consulted 
additionally for incorporation of the wider context of the YRD. Besides the general uncertainties in the inference 
of census counts on the permanent residential population (Simpson, 2007), an important peculiarity of census 
counts in China is the hukou (household registration) system, which assigns a registration status of ‘urban’ or 
‘rural’ to each citizen that is reflected in census numbers and can only be changed by the government (Ren, 
2013). Thus, permanent migration from rural to urban areas in the formal sense (i.e., hukou migration) is highly 
regulated and mostly only possible for the very rich, the highly educated or direct family members of citizens 
with urban hukou (Chan & Buckingham, 2008). In fact, most of the rural-urban migrants are rural migrant 
workers (i.e., people with rural hukou working in urban areas), who are not captured by official census counts 
and whose number increased to 221 million people in 2010 according to Chan (2012), whereas 7 million people 
account for Shandong province (total population of Shandong province according to census in 2010: 95,790,000) 
(Liang, et al., 2014). At the same time, the number of hukou migrants (i.e., permanent migrants) remained 
relatively stable at low numbers (Chan, 2012). This relatively high number of floating population in turn also 
affects census counts which represent de jure population (in contrast to de facto population) (Wu, et al., 2005). 
However, rural migrant workers have very limited access to the local real estate market due to their rural hukou 
status and mostly live in dormitories provided by their employers (Wong, et al., 2007). 
For the decision on the presence or absence of the ghost city phenomenon, the dynamics of estimated 
population capacity are opposed to the dynamics of census counts. With respect to the comparison at the city 
level, the estimated population capacity matches census counts in 2006/2007 very well but a large disagreement 
was found in 2013 for the example of the city of Dongying. Nevertheless, both numbers are not free of errors 
which could imply either an underestimation of population by means of census or an overestimation of 
population capacity justifying the mismatch in 2013. However, the temporal evolution of economic indicators in 
Dongying municipality and Dongying district (Shangdong Provincial Bureau of Statistics, 2001-2016) clearly 
underlines the strong economic as well as the rapid urban development. For example, according to the statistical 
yearbooks of Shandong province, the Gross Domestic Product (GDP) increased by 109% in Dongying district 
(GDP in 20006/2007 155,756 Mio. ¥, GDP in 2013 325,020 Mio. ¥) while the investment in fixed asset 
increased by 252% in Dongying municipality (12,089 Mio. ¥ in 2006/2007, 42,539 Mio. ¥ in 2013). These 
numbers support the strong construction activity identified by the 4d functional city model since expansion of 
urban land is highly correlated to growth of GDP in China (Seto, et al., 2011). In addition to the quantitative 
accuracy assessment of the multi-temporal building model, this underlines the validity of the dynamics of 
population capacity estimation. In contrast, the accuracy of census counts remains unclear as mentioned above 
since reliable and detailed ground truth information is not existent in this regard. Regardless of these 
uncertainties, this study revealed a viable large multi-temporal disagreement of the change in available living 
space (i.e. population capacity) compared to the temporal development of census counts (Fig. 8) which confirms 
the presence of the ghost city phenomenon. The detailed spatial assessment (Fig. 9) provides an impression of 
specific regions of the urban area which are most likely to suffer from the ghost city phenomenon and revealed 
that large new residential developments are most likely affected. Since the dynamics of census counts are only 
available at the administrative municipality level which covers the complete study area, the particular spatial 
variability of the permanent residential population distribution at the building level cannot be captured due to the 
lack of more detailed data. However, the detailed spatial results appear feasible based on the conceptual 
definition of the ghost city phenomenon in this study and also coincide with the findings of Shepard (2015), Jin, 
et al. (2017), and Ma, et al. (2018). In addition, the methodology of the proposed index allows utilization of more 
detailed census counts for a more accurate spatial assessment if such data is available, however this might shift 
the arrangement of the detailed spatial assessment due to issues with respect to modified areal units (Openshaw, 
1984). 
In view of existing studies assessing the ghost city phenomenon, Standard Ranking (2015) did not identify 
Dongying being part of the top 50 ghost cities of China. In contrast, Chi, et al. (2015) include Dongying in their 
list of 20 Chinese ghost cities based on GPS data. Although Jin, et al. (2017) do not incorporate Dongying in 
their final ranking of the top 30 ghost cities of China, it is evident from their analyses that Dongying exhibits a 
relatively high ghost city index according to the authors definition. As described above, this study found feasible 
evidence for the emergence and presence of the ghost city phenomenon in the city of Dongying. Nevertheless, 
the future development of construction activities as well as census counts must be observed and analyzed 
according to the methodological framework presented in this study in order to provide continuous monitoring of 




This paper presents a framework for multi-temporal and spatially detailed assessment of the presence or 
absence of the ghost city phenomenon by means of multi-temporal VHR remote sensing data using the Chinese 
city of Dongying as an example. The conceptual framework of this study is based on the hypothesis that the 
available living space massively exceeds the actual population in case of presence of the ghost city phenomenon. 
In detail, the presence or absence of the ghost city phenomenon is assessed by multi-temporal confrontation of 
available living space of residential buildings (i.e. population capacity) and multi-temporal census counts. The 
multi-temporal population capacity estimation based on a 4d functional city model incorporates a multi-temporal 
building model, building types in terms of function, as well as the number of floors of each building. In case of 
Dongying, the multi-temporal analysis revealed a considerable mismatch of estimated population capacity based 
on remote sensing and permanent residential population numbers from census counts. In other words, the 
physical manifestation of urbanization does not match the population development and thus, this study found 
reasonable evidence for the presence of the ghost city phenomenon in Dongying. 
In general, the ghost city phenomenon mostly affects rapid developing small and medium sized cities in China 
(Jin, et al., 2017). In China, a crucial factor with respect to this phenomenon is the strong influence of planning 
on urban development, which is largely controlled by the government. From a more general perspective, Shepard 
(2015) argues that in fact, the ghost city phenomenon represents a transition period of construction and 
occupancy of newly constructed buildings, which is a common process in newly developed districts in Chinese 
cities. The open question of all new developments is whether and when these new urban centers will be 
populated, which still remains unanswered for the city of Dongying. 
Thus, continuous monitoring is indispensable for present ghost cities like Dongying in order to reach a final 
decision on the persistent presence of the ghost city phenomenon and their future development. From a data 
perspective, additional information especially on human activities might be included as additional indicators for 
comprehensive understanding of the characteristics and evolution of potential ghost cities. Consequently, the 
employed methodology must be constantly improved and emerging techniques for supervised as well as 
unsupervised image classification and change detection as well as associated object-based features must be 
evaluated and included. For broader understanding of the ghost city phenomenon and related processes, future 
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